Abstract Evidence is conflicting as to whether youth obesity prevalence has reached a plateau in the United States overall. Trends vary by state, and experts recommend exploring whether trends in weight-related behaviors are associated with changes in weight status trends. Otherwise, states with disparate BMI percentile trends did not differ with respect to behaviors. Future research should explore the role of other behaviors (e.g., soda consumption), measurement units (e.g., portion size), and societal trends (e.g., urban sprawl) on state and national adiposity trends.
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Background
Obesity has physical, psychosocial, and economic consequences during childhood and across the lifespan. Effects at an early age include type 2 diabetes, hypertension, dyslipidemia, sleep apnea, negative body image, low selfesteem, and depressive symptoms [1] . Obesity during childhood also tends to track into adulthood [1] during which it is associated with cardiovascular disease, diabetes, several types of cancer, sleep disorders, and all-cause mortality [2] . As the United States (US) population ages, the long-term effects of youth obesity are likely to become a greater public health burden. Using data on adolescent obesity in 2000 and historical trends of obesity tracking into adulthood, Bibbins-Domingo et al. [3] projected that coronary heart disease prevalence in the US will increase 5-16% by 2035 as a result of obesity among today's adolescents, resulting in an increase of 100,000 prevalent cases.
The prevalence of obesity among 12-19 year-olds increased from 5% in 1976-1980 to 16% in 1999-2000 [4] , but in recent years there has been conflicting evidence of whether it has reached a ''plateau.'' Ogden et al. [5] reported no linear trend across 2-year periods from 1999 to 2008, based on data from the National Health and Nutrition Examination Survey (NHANES). In contrast, Bethell et al. [6] and Singh et al. [7] both reported that the prevalence of obesity increased among 10-17 year-olds from 2003 to 2007, based on data from the National Survey of Children's Health (NSCH). Singh et al. [7] also reported substantial between-state variation in obesity trends, as changes in the prevalence ranged from -32.1% (Oregon) to 45.8% (Arizona). Such variation raises the question of whether that US is achieving one goal of Healthy People 2010 (reducing obesity overall) at the expense of another (eliminating geographic disparities) [8] .
The discrepancies between national obesity trends estimated in NHANES and NSCH, along with the state variation reported by Singh et al. [7] , highlight the need to continue to investigate national and state trends using different data sources. In a systematic review, Rokholm et al. [9] recommended that future studies explore: (1) non-linear trends in obesity prevalence and (2) behavioral changes that may account for the stabilization. As the authors discussed, investigating the association between trends in weight-related behaviors and changes in obesity trends is an opportunity to explore causes of the obesity epidemic [9] . This opportunity is salient when examining both national obesity trends and between-state variation in trends. Many states have introduced legislation designed to reduce obesity by targeting different weight-related behaviors, but legislative activity has varied considerably by state [10] . Identifying behavioral trends that distinguish states that reversed or attenuated youth obesity trends from states that did not can provide insight as to how certain states have been successful in preventing further increases in obesity.
Behavioral differences are just one of many potential source of state variation in obesity trends. Geographic disparities in obesity are a common finding worldwide [11] [12] [13] [14] [15] [16] [17] [18] and can result from a complex interplay of sociodemographic, behavioral, and environmental differences. Du et al. [19] argued that many longitudinal studies ignore population shifts that occur during follow-up, and such demographic changes must be considered particularly when studying larger geographic areas such as states that are more dynamic. Singh et al. [17] identified many behavioral, demographic, and contextual sources of crosssectional geographic disparities in youth obesity, but did not explore whether these variables were associated with state variation in obesity trends.
The objectives of this study were to build upon previous studies of obesity trends and address the gaps noted by Rokholm et al. by: (1) estimating between-state variation in adolescent time trends in body mass index (BMI) percentile and weight-related behaviors from 2001 to 2007, using Youth Risk Behavior Survey (YRBS) data, (2) testing for non-linear trends, and (3) identifying behavioral, demographic, and contextual factors that distinguish states with disparate trends.
Methods

Sample
The time-series design combined cross-sectional samples from the 2001, 2003, 2005 , and 2007 YRBS, a biennial survey of 9th-12th grade students, administered on the national, state, and local level. Data used in this study came from the state-level YRBS. Participation by states was voluntary in each year and individual students were not followed over time. Students were sampled by the state using a two-stage cluster sampling design, and data were weighted according to school and student response rates to produce estimates that are representative of the state jurisdiction [20] . Data were weighted only in states that provide appropriate documentation and have an overall response rate C60%. Years in which states did not fit these criteria were excluded from analyses because their data were not considered representative. To allow estimation of non-linear trends, we limited analyses to states that provided height and weight data in 3 survey years (n = 
Variables
Anthropometric and Behavioral Data
Data were collected using a written questionnaire administered to students in classrooms. Our outcome of interest was BMI percentile, calculated from self-reported height and weight. BMI percentile accounts for developmental differences between boys and girls of different ages by J Community Health (2012) 37:242-252 243 measuring each student's BMI relative to a reference population composed of children of the same age and sex in the US from 1963 to 1994 [21] . Brener et al. [22] studied the validity of self-reported height and weight data in YRBS and found that students overreported their height by an average of 2.7 inches and underreported their weight by 3.5 lb, but the correlations between measured and selfreported BMI was 0.89. We focused on trends in BMI percentile rather than obesity for several reasons. The 95th percentile of BMI is commonly used to define obesity among youth [23] , but the ability of this cut-point to identify youth of excess fatness can vary by race/ethnicity, particularly among girls [24] . Weight gains in childhood have also been associated with cardiovascular risk factors independent of weight classification [25, 26] . Finally, Ogden et al. [5] noted changes in the BMI distribution that may not be reflected in changes in obesity prevalence (e.g., an increase in the proportion of boys with a BMI above the 97th percentile). To facilitate comparisons of our results with other studies, we also repeated analyses of time trends using obesity as the outcome.
Our analyses included all nutrition and physical activity behaviors (referred to collectively as ''weight-related behaviors'') that were measured in the majority of states in each survey year from 2001 to 2007: sports played in the past 12 months, days of physical education (PE) per school week, hours of television (TV) watched per school day, and daily consumption of 100% fruit juice, fruit, salad, potatoes, carrots, other vegetables, and milk. Daily servings of fruit, salad, potatoes, carrots, and other vegetables were summed to create a measure of fruit and vegetables per day. All behaviors were hypothesized to be negatively associated with BMI percentile except TV viewing, which was hypothesized to be positively associated with BMI percentile.
Demographic Variables
The demographic variables of interest were self-reported age, gender, and a 4-category measure of race and ethnicity: non-Hispanic White, non-Hispanic Black, Hispanic, and non-Hispanic Other.
Contextual Variables
Singh et al. [17] found that state-level poverty rate, income equality, and violent crime rate statistically accounted for 17, 16, and 7% of the state variance in youth obesity respectively, independent of individual-level behavioral and demographic variables. We obtained data on these variables for each survey year to determine if they were similarly associated with adolescent BMI percentile trends.
State-level data on household income inequality, as measured by the Gini coefficient, were obtained from the US Census, as were poverty rate and violent crime rate [27] .
Multiple studies have examined the impact of cigarette prices and taxes on adult BMI trends, with two studies finding a positive association [28, 29] and one study documenting a negative association [30] . This topic has not been explored in adolescents to our knowledge. Given that youth are responsive to changes in cigarette prices [31] , we examined whether state-level changes in cigarette taxes were associated with state BMI percentile trends, using data from the Tax Foundation [32] .
Statistical Analyses
Overall Time Trends
All analyses accounted for the complex sample design in YRBS [20] . As a preliminary analysis, we estimated the time trend in BMI percentile and all weight-related behaviors in the sample overall. We used a linear model with a robust standard error to account for state clustering in this part of the analysis [33] . In the model of BMI percentile trends, we tested for an interaction between gender and year (a = 0.10) and found that it was significant. Subsequently, all analyses were stratified by gender. We chose not to test for an interaction between race/ethnicity and year because the primary purpose of this study was to estimate state disparities, and several states did not have sufficient racial/ethnic diversity to accurately estimate within-state time trends by race/ethnicity. After stratifying by gender, we tested for non-linear time trends by including a quadratic term for time in both gender groups (a = 0.10).
Associations Between BMI Percentile and Weight-Related Behaviors
Subsequently, we used a linear model with robust standard errors to estimate the associations between behavioral variables and BMI percentile. Gender-specific models adjusted for race/ethnicity, age, and all contextual variables. Juice consumption and TV viewing were modeled as continuous variables, and the following behaviors were dichotomized: sports (C1 per 12 months), PE attendance (C1 day per week), fruit/vegetable consumption (C5 per day), and milk consumption (C4 glasses per day). The cutpoint for milk consumption was chosen after exploratory analyses revealed that the bivariate association between milk consumption and BMI percentile in the sample was decidedly non-linear, with an obvious change in the direction of association at 4 glasses per day.
Between-State Variance in Time Trends
Linear mixed models were used to estimate variance in the time trends of BMI percentile and weight-related behaviors across states. The notation for the mixed models was adapted from Murray [34] . BMI percentile is used as an example, but identical models were used to estimate time trends in each weight-related behavior. For this part of the analysis, all variables were modeled as continuous outcomes: [35] . All other analyses were conducted with Stata 11 [36] .
State-Level Case-Control Analysis
After estimating between-state variance, we explored differences between states in which BMI percentile increased between survey years and those in which it decreased. We created a data set in which state was the unit of analysis and each 2-year survey interval (i.e., 2001-2003, 2003-2005, 2005-2007 ) was a separate observation, meaning states would appear in the data set 3 times if data were collected in each survey year. Each observation was categorized according to whether the mean BMI percentile increased or decreased during that interval in that state. We used t-tests (a = 0.10) to compare state/interval observations in which BMI percentile increased to those in which it decreased-analogous to a case-control analysis-with respect to changes in demographic, behavioral, and contextual variables during the same interval. Table 1 provides the sample size, mean BMI percentile, obesity prevalence, and distribution of demographic variables overall, and descriptive statistics of state participation and within-state sample size and student response rates. BMI percentile and prevalence of obesity, as defined by the 95th percentile of BMI [23] Cross-sectional associations between each behavior and mean BMI percentile on the student level are displayed in Table 3 . TV viewing was the only behavior that was associated with mean BMI percentile in the hypothesized directions among both boys and girls. Playing at least one sport was negatively associated among girls, but positively associated among boys. Greater juice consumption was J Community Health (2012) 37:242-252 245 also associated with lower mean BMI percentile among girls. Among boys, higher mean BMI percentile was associated with drinking four or more glasses of milk per day or having at least 1 day of PE per week. Other estimates were close to the null. Table 3 also displays the association between sociodemographic and contextual variables and BMI percentile. Mean BMI percentile was substantially higher among nonHispanic Blacks and Hispanics, relative to non-Hispanic Whites, among both boys and girls. Poverty status was positively associated with mean BMI percentile among boys (b = 0.37, 95% CI: 0.03, 0.71), while income inequality was positively associated with mean BMI percentile among girls (b = 0.50, 95% CI: 0.01, 0.99).
Results
Descriptive Statistics
, both increased across years. Across states, the mean BMI percentile in 2001 ranged from 52.7 in Utah to 65.5 in Washington D.C. BMI percentile clustered by region, as most states in the Southeast had a mean percentile above the sample median, while all states in the Rocky Mountains had a mean percentile below the median. Estimated Trends in BMI Percentile and Weight-Related Behaviors
Between-State Variance in Trends
Though the behavioral changes over time were small overall, Fig. 1 shows that time trends in most behaviors varied by state in magnitude and even in direction. Each line represents the time trend among girls for a different state, as estimated by the mixed model. Graphs of state trends among boys were qualitatively similar (results not shown), and the intraclass correlations for both genders are displayed in Table 4 . Even though the proportion of variance attributable to state differences in time trends was low for each behavior (ICC T \ 0.1%), Fig. 1 shows a heterogeneous combination of state trends in fruit and vegetable consumption, sports participation, and PE attendance. For each behavior, some states experienced an increase over time while others experienced a decrease. All states experienced a decrease in milk and fruit juice consumption among girls, but the range of decline was small (0.01-0.03 daily servings of milk; \0.01-0.04 daily servings of juice.) State trends were negatively correlated with their 2001 mean (r b0,bT ) for each behavior, indicating that states with a lower mean in 2001 had a greater increase over time. ICC 0 estimates indicate that state differences accounted for 1-2% of the variance in sports participation, fruit and vegetable consumption, and fruit juice consumption in both genders, as well as PE attendance in boys, and 5-7% of the variance in TV viewing and milk consumption, and PE attendance in girls.
In contrast to Fig. 1 , the state variance in BMI percentile time trends was very low (Fig. 2) , particularly among boys (ICC T = 0.0008%). The ICC T was higher for girls, but the shape of the trend was very similar across states. BMI percentile increased from 2001 to 2007 among girls in all states, but the rate of increase generally declined over time.
Case-Control Analysis Table 5 displays the results of the state-level case-control analysis. TV viewing was the only variable that distinguished states in which BMI percentile increased from those in which it decreased in both boys and girls. For example, during 2-year YRBS intervals in which states experienced a decrease in BMI percentile among girls (n = 19), average TV viewing declined by 0.08 h per day, compared to a decline of only 0.01 h per day in intervals in which states experienced an increase in BMI percentile among girls (n = 49) (difference = -0.07, 90% CI: -0.13, -0.02). Changes in cigarette taxes, juice consumption, and the distribution of race/ethnicity also differed across categories of states among girls. During intervals when BMI percentile increased, there was a greater decrease in the proportion of non-Hispanic Whites (difference = -1.01, 90% CI: -2.01, 0.00); conversely, the proportion of non-Hispanic Blacks increased by 0.51 percentage points during intervals when BMI percentile increased and decreased by 0.23 percentage points during intervals when BMI percentile decreased (difference = 0.74, 90% CI: 0.00, 1.50). Among the behaviors that we examined, TV viewing had the strongest evidence of being associated with BMI percentile on the student level and BMI percentile trends on the state level. The positive association on the student level, coupled with the decline in TV viewing, might seem to contradict the overall increase in BMI percentile. However, TV viewing declined primarily in states in which BMI percentile decreased. This finding suggests that the decline may partially account for the decelerating BMI percentile trend overall. TV viewing also had the highest overall ICC of any behavior, implying that it may be influenced by state-level factors. Future research could explore state-level determinants of TV viewing and determine if adolescents have replaced TV viewing with alternative pursuits that are more active or sedentary (e.g., computers, phone).
The lack of state variance in BMI percentile trends is interesting given that legislative activity to reduce childhood obesity has varied considerably across states [10] . Arkansas, for example, has taken aggressive action to remove vending machines from schools and require that students' BMI be measured and results confidentially mailed to parents. [37] . Arkansas' results are encouraging, but they must be considered in light of the fact that the state had the 2nd-highest BMI percentile among states in our sample in 2001. We found that populations with a higher BMI percentile at baseline generally experienced less BMI percentile gain, and thus Arkansas' stability may simply be due to a nationwide pattern of heavier populations reaching a plateau. States with similar BMI percentile distributions at baseline would need to be compared to support the causal effect of legislative changes.
Similar to the studies of obesity time trends conducted with NSCH data [6, 7] , our analyses of YRBS data suggested an overall increase in obesity from 2001 to 2007 that was particularly strong among girls. The discrepancies in these results and those reported by Ogden et al. [5] may be due to the fact that NHANES measures height and weight directly while YRBS and NSCH rely on student and parental self-report, respectively. YRBS height and weight data are prone to measurement error [22] , and we likely underestimated adolescent BMI percentile as a result. This would not create a bias toward detecting a time trend, however, unless measurement error decreased over time. In addition to being limited to self-reported height and weight, our analyses were limited to self-reported behaviors that are also prone to measurement error [38, 39] . Nondifferential error may have caused us to underestimate the association between these behaviors and BMI percentile. Even when associations were detected, we were unable to assess causality between weight-related behaviors and BMI percentile because the analyses were based on a series of cross-sectional surveys and did not measure within-student changes over time. Our analyses were also limited to the 29 states that provided representative data in enough survey years during the study period. Results cannot be generalized to other states, and we were unable to estimate state variation in time trends by race/ethnicity because of the limited sample.
BMI is also an imperfect measure of adiposity because it does not distinguish between fat mass and fat-free mass, and this limitation may explain the positive associations that we found between BMI percentile and physical activity behaviors (PE attendance, sports participation) among boys. Boys who play more sports and attend PE class more often may build up more muscle mass, resulting in a higher BMI even if their body fat distribution improves. Boys who consumed four or more glasses of milk per day were also found to have a higher mean BMI percentile than those who consume less. This finding is similarly difficult to interpret because the YRBS does not distinguish between types of milk; additional research would be needed to determine if the association was due to the quantity of consumption per se or the specific types of milk that boys consumed.
Similar to the behavioral variables, contextual variables that we examined did not account for state trends in BMI percentile even when they were associated with BMI percentile on the student level. Of all the variables that we examined, race/ethnicity had the strongest evidence of association with BMI percentile on both levels. The large differences in BMI percentile between both non-Hispanic Blacks and Hispanics, compared to non-Hispanic Whites, is not surprising given the consistent racial/ethnic disparities in obesity [40] . Many societal trends that we did not examine have been hypothesized to contribute to the contemporary ''obesogenic'' environment, such as increased portion sizes [41] , urban sprawl [42] , and growth of the processed food sector [43] . These trends may impact other behaviors such as soda consumption, which the YRBS did not measure until 2007, or measurement units that are not captured by YRBS (e.g., portion size). Future research should explore if such trends have contributed to recent increases in youth adiposity. Our study was strengthened by using multiple years of data designed to be representative of individual states. The sampling design of YRBS and sample size of our analysis provide evidence that adolescent BMI percentile has not peaked in many states even if youth obesity prevalence is no longer increasing in the US overall [5] . Moreover, the fact that BMI percentile trends differed by gender in both slope and shape, and obesity trends differed by state in NSCH [7] , indicates that national trends are complex and dynamic, and must be carefully deconstructed in future research. National, state, and local health organizations should continue to monitor adiposity patterns to determine if subgroups with a lower BMI percentile are continuing to gain weight. The lack of increase in obesity in individual states, such as Arkansas, is encouraging. However, rigorous studies are needed to determine if legislative action caused the stability, so that states in which obesity continues to rise can apply effective methods to alleviate the trend.
